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Abstract: Brain-computer interfaces (BCIs) based on steady-state visual evoked potential (SSVEP) are
rapidly advancing in human-computer interaction systems. However, the classification of SSVEP signals in
short time windows still faces challenges such as low accuracy and insufficient feature extraction. In this
paper, we propose an attention enhancement-dual channel multi-feature convolutional neural network
(AE-dCNN). The network applies a channel attention mechanism to weight the features of different
channels, enhancing the representation of useful information. Then, two parallel channels are employed to
extract time and frequency domain features from the signals, and the extracted features are fused for
classification. Cross-subject and subject-independent experiments are conducted on both public and
self-built datasets. The results demonstrate that the proposed AE-dCNN model achieves the highest
accuracies of 94.38% in cross-subject experiments among five algorithms and of 92.36% in
subject-independent experiments among six algorithms. Additionally, we explore the application of the
Kolmogorov-Arnold network (KAN) structure in EEG signal processing. The results indicate that the
KAN model outperforms the multilayer perceptron (MLP) model in terms of accuracy across most time
windows.

Highlights:

1. Propose an attention-enhanced dual-channel multi-feature convolutional neural network (AE-dCNN) for
SSVEP signal classification, combining channel attention with parallel temporal- and frequency-domain
feature extraction.

2. Assess the proposed AE-ACNN on public and self-built datasets through cross-subject and subject-
independent experiments, showing its strong classification performance and generalization across different
time windows and datasets.

3. Explore the application of Kolmogorov-Arnold network (KAN) in EEG signal processing and compare
their classification performance with multilayer perceptrons (MLPs) , revealing the potential of KAN for
nonlinear frequency-domain feature learning.
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— L2 Y5t 4k 2 N dropout J2 5 55 3 J2 i ] flatten 245 548 J'e | f 20 3 42 3 42 )2 AN Softmax 36
PRELHEAT 5326 . Compact-CNN AE % A7 232 BURE 5 #Y AR 00745 8 AR B2 15 8., DA 22 e 465 28 /) 2 26 4f
.

2 AE-dCNN

2.1 KL
ik W 45 34 3 T SSVEP 15 5 W B 8] 45 BOF1E B 7 B 175 54025, SR, T SSVEP (5 5 /&
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SRR DA U 1T

FESE 2R B A S 55 L EE A . B S5 A KN R X 1R B B R AT 3 T
15 B RRAE S I, LA AR S5 S2 1 3 A BE 25 R . SRS 283 flatten |2 K05 5 48 S — 4R Udle , — i SR &
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BtXE S SR B R A AR PO S I, BT 35, B DL 5 4 S SR E , BT AT 7 Bl Y AR
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Table 1 Accuracy and ITR of different algorithms

on public dataset
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R2 BAEBEETAREENEREMITR
Table 2 Accuracy and ITR of different algo-

rithms on self-built dataset

VRS WeRf %/ %  ITR/(bit-min ') RS HERI/ % ITR/(bitmin ')
TRCA 27.47 0.14 TRCA 27.32 0.12
EEGnet 64.54 29.99 EEGnet 36.33 2.73
Shallow-CNN 61.20 25.29 Shallow-CNN 32.22 1.14
Compact-CNN 87.74 76.13 Compact-CNN 50.00 12.45
tCNN 48.17 10.77 tCNN 35.34 2.29
AE-dCNN(A 30) 92.36 89.37 AE-dCNN(A ) 66.99 33.71
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